With respect to four inorganic and organic substrates -tezontle (volcanic rock), perlite, peat and coir -we studied the relevant physical and chemical properties of mixtures of two of these substrates. A nonlinear regression model was used to analyse the physical properties of each possible mixture. Finally, a methodology is proposed for formulating mixtures of substrates as a deterministic nonlinear mathematical programming problem.
Introduction
Soil serves as a support for plants and is the medium from which they obtain water, mineral substances and oxygen, which are essential for growth and vegetative development. An ideal soil has a porosity and particle disposition that enables root penetration while retaining appropriate amounts of water and air [Foth and Ellis (1988) , Hablin et al. (1999) , and Russell (2008) ].
However, such soils may not be available, and then artificial soils may be used. This is the case of most flowerpot and containerised crops. Such plants have limited root growth, but they still need nutrients, air and water. For this reason, artificial substrates are sometimes required. These are often obtained by mixtures of various products, and the combination of the characteristics of each component provides the overall (and hopefully, optimal) characteristics of the substrate [Resh (2002a) , Resh (2002b) and Russell (2008) ].
The apparent density of a substrate should be low, so that the roots can penetrate it easily, and at the same time, to minimise the weight of the containerised crops. Organic matter has high porosity, ionic interchange and water retention capabilities, together with low density. All these properties are recommended for a substrate, which explains why most artificial substrates are essentially composed of organic matter; the remaining components are usually constituted of natural minerals or of artificial minerals such as tezontle, sand, perlite or vermiculite. These mineral products are very porous, with a high real density and a very low apparent density. In general, the grain size of an artificial substrate is higher than that of the soil, which facilitates air infiltration; at the same time, however, this property reduces water retention. This consideration explains why mixtures are usually composed of both organic and mineral substances, to achieve an equilibrium between air infiltration and water retention [Resh (2002a) , Resh (2002b) and Russell (2008) ].
The chemical properties of a substrate are important because they are the main factors responsible for the availability of nutrients. However, new crops are increasingly being constituted in such a way that the physical properties of a substrate prevail as its desired characteristics, with all the additional plant necessities being provided by nutritive substances, which are permanently available, being recycled to the plant by the irrigation system [Hablin et al. (1999 ), Resh (2002b and Russell (2008) ].
In many countries, substrates are still obtained by traditional trial and error methods; mixtures are formulated by arbitrarily establishing the proportions of the respective components, and the resulting mixture is then accepted if it improves the overall crop yield.
The resulting mixture is not necessarily the optimal one, as the method does not explore all the possible combinations of the available components. The time employed in evaluating the mixtures, the cost of the materials used and the search for optimal resources are among the aspects contributing to the complexity of substrate formulation, given the number of variables involved in the problem (Zamora Morales et al. 2005) .
Linear programming is a commonly-used empirical technique for formulating substrate mixtures used in a soli-less culture, and generally provides good approximations (Burés et al. (1988 ), Burés (1997 
Physical and chemical properties of substrates and mixtures
Four substrates were used in the mixture formulation tests: perlite, tezontle, peat and coir. Following the methodology proposed by Pire and Pereira (2003) , Gabriel et al. (1993) and North Carolina State University (2007), we determined, in triple analysis, the following physical and chemical properties: total porous space (TPS), air porosity (AP), humidity retention (HR), apparent density (AD), real density (RD), ashes(A), organic matter (OM), pH and electric conductivity (EC), which are shown in Table 1 .
We also formulated six mixtures (denoted by a M 1 -M 6 and defined in Tables 2 and 3 ) composed of two substrates with eleven different proportions. Using the above-mentioned procedure, their physical and chemical properties to be used in the formulation of mixtures of substrates were determined (Burés et al., 1988) ; see Tables 2 and 3 . The interest in this particular modelling is detailed in Section 4.
The results were obtained by the implementation of a program in S-PLUS (Lam (2011) ) to fit the different nonlinear regression models. The least squares method was applied to the following fitting models:
• Linear regression model The best model was selected by means of the minimum mean square error criterion (Graybill and Iyer (1994) ).
In general, the models fitted take the form where Y is the mixture variable to be modelled (TPS, HR or OM); f (x 1 , x 2 ) is the functional form of the model to be fitted; x 1 , x 2 denote the proportions of two of the substrates(selected from perlite, tezontle, peat and coir) making up the mixture, where and ξ is the error. Note also that x 1 , x 2 satisfy x 1 + x 2 =1 which means that x 1 and x 2 are linearly dependent, moreover, x 1 = 1 -x 2 or x 2 = 1 -x 1 . A priori, all that is necessay is to fit a model in terms of x 1 (or x 2 ). However, in this study we wish to obtain a mathematical model for Strictly speaking, we do not estimate the model for any possible value of x 1 and x 2 , but rather, in the subspace defined by the line x 1 + x 2 = 1.
A possible drawback is the fact that few experimental points (eleven) are used for fitting the TPS, HR
and OM characteristic models (see Tables 2-3) . Fortunately, the experimental data present a smooth behaviour, and, most importantly, they provide information over the whole domain of x 1 and x 2 (specifically, the domain is the line x 1 + x 2 = 1 in the first octant of R 3 ). Moreover, it is important to take into account that models of the form with the TPS and HR characteristics, respectively. Díaz-García et al. As shown in Tables 8 and 9 , the mixture M6 has the poorest fit. However, note that the functional form of a particular physical characteristic modelled must be the same for all mixtures.
As an example, we include in Figure 1 The results were computed using the commercial software Hyper LINGO/PC, release 6.0 (Winston, 1995 
Conclusions
The aim of this study is to propose a general method- Finally, note that there are few experimental points and a large number of parameters. Nevertheless, on the one hand, we have a sample of equallyspaced experimental points throughout the domain of the variables x 1 and x 2 (i.e. the line x 1 + x 2 = 1), and the mathematical behaviour considered is a smoother of these variables. Furthermore, our aim is to obtain the best mathematical approximation possible to these points and thus obtain the best results.
A potential user of this methodology (e.g. the commercial producer of a protected crop) could consider using a greater number of experimental points, taking into account the higher initial investment that would be required.
